Abstract-In this paper, we present a new medical image fusion algorithm based on nonsubsampled contourlet transform (NSCT) and spiking cortical model (SCM). The flexible multi-resolution, anisotropy, and directional expansion characteristics of NSCT are associated with global coupling and pulse synchronization features of SCM. Considering the human visual system characteristics, two different fusion rules are used to fuse the low and high frequency sub-bands respectively. Firstly, maximum selection rule (MSR) is used to fuse low frequency coefficients. Secondly, spatial frequency (SF) is applied to motivate SCM network rather than using coefficients value directly, and then the time matrix of SCM is set as criteria to select coefficients of high frequency subband. The effectiveness of the proposed algorithm is achieved by the comparison with existing fusion methods.
I. INTRODUCTION
Medical imaging has become increasingly important in medical diagnosis, which enabled radiologists to quickly acquire images of human body and its internal structures with effective resolution. Different medical imaging techniques such as X-rays, computed tomography (CT), magnetic resonance imaging (MRI), and positron emission tomography (PET) provide different perspectives on human body. For example, CT scans provide dense structures like bones and implants with less distortion, MRI scans provide normal and pathological soft tissue within the body while PET scans provide better information on blood flow and flood activity with low spatial resolution. Therefore, an improved understanding of a patient's condition can be achieved through the use of different imaging modalities. A powerful technique used in medical imaging analysis is medical image fusion, where streams of information from medical images of different modalities are combined into a single fused image. Medical image fusion plays important role in clinical applications such as image-guided surgery, image-guided radiotherapy, noninvasive diagnosis, and treatment planning [1] , [2] .
So far, many effective theories and methods for medical image fusion have been proposed, such as FSD pyramid [3] , gradient pyramid [4] , Laplacian pyramid [5] DWT pyramid [6] , SIDWT pyramid [7] , morphological pyramid [8] , ratio pyramid [9] , and contrast pyramid [10] . All the above methods share one characteristic: each method is efficient for specific types of images and each approach has its own limits. For example, contrast pyramid method loses too much information from the source images in the process of fusion; ratio pyramid method produces lots of false information that does not exist in the source images; and morphological pyramid method creates many bad edges [11] .
In this paper, we propose a new method of medical image fusion using nonsubsampled contourlet transform (NSCT) and spiking cortical model (SCM).
During last decade, medical image fusion algorithms that based on multiscale decomposition (MSD) become important methods [12] . NSCT [13] is one of popular MSD methods. It is proposed by Cunha, Zhou, and M.N.Do, and has been successfully used in image fusion fields and achieved satisfactory fusion effects.
Pulse coupled neural network (PCNN) is a visual cortex-inspired network characterized by global coupling and pulse synchronization of neurons [14] , and has been widely applied in intelligent computing. SCM is one of the simplified PCNN models that is mainly derived from Eckhorn's model and deduced from primate visual cortex, and also has been proved an effective image processing tool [15] . In recent years, researchers proposed several image fusion algorithms based on transform domain and PCNN. In Literature [16] , a fusion algorithm based on Discrete Ripplet Transform (DRT) and Intersecting Cortical Model (ICM) for multimodal medical image is proposed. As another simplified PCNN model, ICM was used to obtain the fusion coefficients. Literature [17] presents a multi-source image fusion scheme based on lifting stationary wavelet transform (LSWT) and a novel dual-channel PCNN. Literature [18] discussed image fusion based on Shearlets and PCNN. In Literature [19] , a Contourlet hidden Markov Tree (CHMT) and clarity-saliency driven PCNN based fusion approach is proposed for remote sensing images fusion. PCNN was first used in contourlet domain for visible and infrared image fusion in literature [20] . Qu, X. et al. proposed an image fusion algorithm based on spatial frequency (SF) motivated PCNN in NSCT domain [21] . The image fusion technique proposed by Xin, G. et al. based on dual-layer PCNN model with a negative feedback control mechanism in the NSCT domain has shown promising results in multifocus image fusion [22] . Literature [23] discussed fusion methods based on PCNN and NSCT in multimodal medical image fusion field.
However, in most of these PCNN and NSCT based algorithms, the value of single pixel in spatial or MSD domain is directly used to motivate one neuron. In fact, human's visual system in most time is sensitive to edges, directional features, etc. So, using single pixel in MSD domain purely is not enough. It is necessary to use spatial frequency, which stands for gradient energy in NSCT domain, to motivate SCM neurons [15] , [21] , [23] .
The main purpose of this paper is to find an efficient image fusion algorithm for medical images of different modalities, based on the shift-invariance, multi-scale and multi-directional properties of NSCT along with human visual characteristics of SCM.
II. SPIKING CORTICAL MODEL (SCM) AND NONSUBSAMPLED CONTOURLET TRANSFORM (NSCT)

A. Spiking Cortical Model
Like traditional PCNN models, each neuron in SCM consists of three parts: receptive field, modulation field, and pulse generator. For SCM, its two features make it more suitable for image processing. For one thing, SCM has been proved accords with Weber-Fechner law, since it has high sensitivity for low intensities of stimulus but low sensitivity for high intensities, and Weber-Fechner law is a logarithmic rule relating the level of subjective sense of intensity to the physical intensity of a stimulus. For another, time matrix of SCM can be recognized as human subjective sense of stimulus intensity, literature [15] discussed SCM's features and its application in image processing in detail [15] . The SCM neuron model is shown in Figure. 1.
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Receptive field Modulation field Pulse generator Figure 1 . SCM model Figure 2 shows the decomposition framework of the NSCT. NSCT uses nonsubsampled pyramid filter bank (NSPFB) and nonsubsampled DFB (NSDFB) in its decomposition framework. The NSPFB is achieved by using two-channel nonsubsampled 2-D filter banks. The NSDFB is achieved by switching off downsamplers and upsamplers in each two-channel filter bank in DFB tree structure and upsampling filters accordingly [13] , [24] . NSCT has the properties of shift-invariance which benefits designing fusion rules. The common NSCT-based image fusion approach consists of the following steps: Firstly, perform NSCT on source images to obtain lowpass subband coefficients and bandpass directional subband coefficients at each scale and each direction, NSPFB is used to complete multiscale decomposition and NSDFB is used to complete multi-direction decomposition. Secondly, apply some fusion rules to select NSCT coefficients of the fused image. Finally, employ inverse NSCT to the selected coefficients and obtain the fused image. 
B. Nonsubsampled Contourlet Transform
III. PROPOSED FUSION METHODS
A. Fusion Scheme
The notations used in this section are as follows: A, B, R represent two source images and final fused image, respectively. C= (A, B, R). LFS C indicates the low frequency subband (LFS) of image C. HFS Step B.
We use maximum selection rule (MSR) [6] 
as follow:
(1) The coefficients of HFS of source images are selected by using SCM. As human vision system are sensitive to features such as edges, contours etc., so instead of using SCM directly, spatial frequency (SF) is considered as the gradient features of images to motivate SCM networks [25] .
The SF is defined as , , 
ij,kl is synaptic weight matrix applied to the linking field, f and g are decay constants, and h is threshold magnitude coefficient. As a typical neuronal nonlinear transform function, the Sigmoid function [26] is applied in SCM to improve performance, which helps make output reachable. γ is a parameter of Sigmoid function. The nonlinearity of Sigmoid function can be used to generate pulse. Sigmoid curve has an "S" shape, with its slope increasing as γ increases. If 2). Select coefficients of LFS R 3). Calculate SF as described in formula (2) by using overlapping window on coefficients of HFS.
by using formula (1). 
6). Apply inverse NSCT on the fused LFS and HFS to get the final fused image.
It is important to perform statistical assessment of the quality of different fusion techniques along with the visual assessment due to the widespread use of multi-sensor and multi-spectral images in medical diagnosis. Therefore, image quality evaluation tools are required to compare the results achieved by different fusion techniques. In this paper, quantitative assessment of different image fusion algorithms are compared using following evaluation criteria, which have been proved to be effective to a great degree [2] .
The notations used in this section are defined as : A and B are source images, R the final fused image, m × n the size of the image that has L grey levels; f (i, j) denotes grey value of pixel (i, j). Then the above 4 indices are mathematically described as: (8) where P(i) indicates probability of pixels whose grey value amount to i; P A,R (i, k) and P B,R
Standard deviation (SD):
(j, k) are the normalized grey histogram between A and R and the normalized grey histogram between B and R, respectively. IE_A and IE_B denote the information entropy (IE) of image A and B. MI [27] can be used to measure amount of information transferred from source images to final fused image. Fusion performance would be better and better with MI increasing. To evaluate the performance of the proposed image fusion approach, four different groups of human brain images are considered (see Figure. 3(a, b) , Figure. 4(a, b) , Figure. 5(a, b), Figure. 6(a, b) ).The four groups of source images come from the website of the Atlas project of Harvard Medical School [29] . Figure. For all these image groups, results of proposed fusion framework are compared with Averaging method, PCA method, discrete wavelet transform (DWT) with DBSS (2, 2), Laplacian pyramid (LP), morphological pyramid (MP). Parameters of these methods are set by: pyramid level = 4, selection rules: high-pass = select max, lowpass = average [11] . The visual comparison for fused images according to different fusion algorithms are shown in 
IV. EVALUATION AND ANALYSIS
From the fusion results displayed in Figure 3-6 , it is clear that the Averaging and PCA algorithm give lose too many image details and provide poor fusion results compared with other four algorithms. This is because both of them have no scale selectivity. This limitation is modified in DWT, LP and MP. Morphological pyramid (MP) provides satisfactory fusion result, but it always brings fake image information and result in block effect. The remaining DWT, Laplacian pyramid (LP) and our proposed method achieved similar fusion effect. From subjective observation, we can see that the proposed algorithm is effective in multimodal medical image fusion. One of the reasons behind the performance of the proposed method is the human visual characteristics of SCM, which brings high contrast and more informative details to fused images.
Statistically, the objective performance evaluation and comparison among existing and proposed algorithms are depicted in Table 1 . From experimental data we can see that the values of QABF of our proposed methods are the best in image group 1, group 2 and group 4, the values of MI of our proposed methods are the best in image group 2 and group 3. Though the other values of our method are not the best, it still got the second high values and outperformed the other 4 methods in each group. From table, we can easily conclude that the proposed algorithm can preserve high spatial resolution characteristics with less spectral distortion. The objective evaluation and comparison we discussed above verified that the proposed method is an effective fusion method for multimodal medical image fusion. .
CONCLUSIONS
In this paper, we proposed a new medical image fusion algorithm based on NSCT and SCM. The flexible multi-resolution, anisotropy, and directional expansion characteristics of NSCT are associated with global coupling and pulse synchronization features of SCM. Considering the human visual system characteristics, two different fusion rules are used to fuse the low and high frequency sub-bands respectively. Spatial frequency is applied to motivate SCM network rather than using coefficients value directly. The efficiency of the proposed algorithm is achieved by the comparison with existing fusion methods. The statistical comparisons prove the effectiveness of the proposed fusion method. 
